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Abstract Vegetation growth plays a crucial role in the carbon cycle and climate change mitigation.
However, the relative contribution of hydroclimatic variables (relative humidity, terrestrial water storage,
day and night-time land surface temperatures) on vegetation growth of agricultural and nonagricultural
areas at the global scale remains unexplored. Using satellite-based datasets, we examined the changes in
Normalized Difference Vegetation Index (NDVI) and the four hydroclimatic variables during 2003–2014.
Also, the relative contribution of the four hydroclimatic variables on vegetation growth in agricultural
and nonagricultural areas was estimated. A significant (p-value < 0.05) greening has occurred in
the agricultural regions of India and Brazil during 2003–2014. Whereas in nonagriculture areas, a
considerable greening occurred only in India and China during the 2003–2014 period. Among the four
hydroclimatic variables, both day-time and night-time land surface temperature are the significant
contributors of vegetation growth in the two-thirds of the global landmass. Terrestrial water storage is a
substantial contributor to the vegetation growth in the tropics and subtropics. Night-time land surface
temperature is strongly associated with the vegetation growth in the colder regions. The hydroclimatic
variables do not explain the considerable amount of the total variance of vegetation growth over the
agricultural areas in China, which is due to human agricultural management practices. Generally, the
response of hydroclimate variables on vegetation growth in the agricultural and nonagricultural areas
has significant implications in many areas, including food security, carbon sequestration, water resource
management, and climate change.
1. Introduction
Changes and variability in vegetation growth are driven by anthropogenic and natural factors (Chen
et al., 2019; Nemani et al., 2003; Zhao et al., 2018). Understanding the drivers of vegetation growth is vital
to evaluate its role in climate change mitigation and on carbon cycle (Keith et al., 2009; Schmidhuber &
Tubiello, 2007; Zeng et al., 2017; Zhao et al., 2018). Over the last few decades, global environmental change
has rapidly altered the vegetation dynamics overland with its implications on earth system and ecosystem
services (Zhu et al., 2016). CO2 fertilization has been one of the primary drivers of the long-term vegetation
growth over the tropics (Zhao et al., 2018). The rise in air temperature due to anthropogenic warming has
contributed to vegetation growth in most of the high latitude regions (Zhu et al., 2016). Global mean growing season normalized difference vegetation index (NDVI) has increased during 1982–2013, which was driven by temperature (high latitudes), water (arid and semi-arid regions), and radiation (Amazon and southern
Asia, Zhao et al., 2018). Apart from the natural drivers of vegetation growth (temperature, water, and radiation), human land management associated with fertilizer and irrigation applications played a significant
role in the vegetation growth in areas such as India and China during 2000–2017, (Chen et al., 2019).
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Vegetation growth and its driving factors have received considerable attention in the past. For instance,
Nemani et al. (2003) reported that climate change in the northern mid and high latitudes enhanced plant
growth. Climate change contributed to a 6% rise in the net primary productivity during 1982–1999, primarily
due to decreased cloud cover and increased solar radiation (Nemani et al., 2003). Greenhouse gas emissions
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(GHG) explain about 66% of the total variance in the observed trend of vegetation growth, and CO2 fertilization effect explains about 70% of the observed greening trend during 1982–2013 (Zhao et al., 2018). There
had been a persistent and widespread increase in growing season greening over 25%–50% of the global
vegetated land surface (Nemani et al., 2003). Apart from climate change, climate variability also influences
vegetation growth. For example, Gonsamo et al. (2016) examined the contribution of climate variability
on global vegetation productivity during 1982–2011 and found that El Nino Southern Oscillation (ENSO)
variations have substantial control on vegetation productivity through their influence on air temperature.
On the other hand, Zhao et al. (2018) reported that ENSO is the leading climatic driver of interannual variability in vegetation growth globally. Overall, climate change, climate variability, and CO2 fertilization are
the crucial drivers of long-term trends in vegetation growth.
Hydroclimatic factors can have a different contribution to vegetation growth in different regions of the
world. For instance, increasing temperature due to climate change is positively associated with vegetation
growth in northern latitudes. In contrast, warming and moisture deficits can lead to large-scale droughts,
causing a decline in net primary productivity (Fosu et al., 2017; Zhao & Running, 2010). While most of
the previous studies considered daily mean air temperature (Zhao et al., 2018; Zhu et al., 2016), vegetation
response to day- and night-time temperature can be asymmetrical as photosynthesis is positively associated with day-time temperature. At the same time, plant respiration is affected by both day and night-time
temperature (Peng et al., 2013). Several previous studies evaluated the role of natural and anthropogenic
factors on vegetation growth (Brown et al., 2012; Chen et al., 2019; Nemani et al., 2003; Peng et al., 2013; Wu
et al., 2015; Zhao et al., 2018; Zhu et al., 2016). However, these studies did not consider the influence of day
and night-time land surface temperatures, terrestrial water storage and relative humidity together to identify their relative contribution to vegetation growth in agricultural and nonagricultural areas. Therefore, the
crucial interaction between day and night-time land surface temperature with water availability and relative
humidity on vegetation growth in agricultural and nonagricultural regions is not well examined.
Both climate variability and anthropogenic effects (e.g., fertilizer application, irrigation and land-use
change) can profoundly impact vegetation growth in agricultural and nonagricultural regions. Zhao
et al. (2018) reported that globally nitrogen deposition and land-use change did not contribute significantly
to the observed trend in vegetation growth during 1982–2013. However, the contribution of anthropogenic
factors at the regional scale can be substantial. For instance, Chen et al. (2019) reported that land-use management contributed to significant greening over China and India during 2000–2017. This rise in greening
over China and India occurred because of an increase in the harvested area due to multicropping, fertilizer,
and irrigation from surface and groundwater resources (Chen et al., 2019). Piao et al. (2020) also reported
the pronounced greening over the farmed or afforested areas of China and India. They (Piao et al., 2020)
found that the greening in the areas of the low human footprint is mainly driven by global change through
CO2 fertilization.
Understanding of the regional scale drivers of vegetation growth is essential for climate change mitigation.
However, most of the previous studies (Nemani et al., 2003; Seddon et al., 2016; Zhao et al., 2018; Zhao &
Running, 2010) were conducted at the global scale and did not consider the regional-scale drivers of vegetation growth. Moreover, the human footprint in vegetation growth is identified by considering the contribution of climatic and anthropogenic drivers separately for the agricultural and nonagricultural regions. For
instance, in agricultural-dominated areas, land-use management-related factors (e.g., fertilizer application,
irrigation, multicropping system) can be significant drivers of vegetation growth (Chen et al., 2019; Piao
et al., 2020). Moreover, the climatic factors other than CO2 fertilization can contribute more to year-to-year
variability, while CO2 fertilization can be a significant driver of the long-term trends in vegetation growth
(Zhao et al., 2018; Zhu et al., 2016). Our understanding of the relative contribution of hydroclimatic variables (temperature, water availability and relative humidity) on vegetation growth in the agricultural and
nonagricultural regions remains limited (Chen et al., 2019; Zhao et al., 2018; Zhu et al., 2016).
In this study, satellite-based NDVI, relative humidity (RH), terrestrial water storage (TWS), and day and
night-time land surface temperature (LSTD and LSTN) are analyzed to quantify their relative contribution to vegetation growth in agricultural and nonagricultural ecosystems during the 2003–2014 period at
the global scale. We estimate observed changes in NDVI and the hydroclimatic variables during the study
period across global agricultural and nonagricultural areas. This work addressed the following questions:
ASOKA ET AL.
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(i) to what extent did NDVI and the four hydroclimatic variables change in global agricultural and the
nonagricultural regions during 2003–2014, (ii) what is the relative contribution of the hydroclimatic variables on vegetation growth in the agricultural and nonagricultural areas? and (iii) Among CO2 fertilization
and climate, which is the prominent driver of vegetation growth? We used satellite-based observations for
2003–2014 to address the first two questions. We use simulations from Land Use Model Intercomparison
Project (LUMIP) to examine the role of CO2 fertilization and climate on vegetation growth.

2. Data and Methods
2.1. Datasets
We used monthly Normalized Difference Vegetation Index (NDVI) as a proxy to assess the role of hydroclimatic factors on vegetation growth (Asoka & Mishra, 2015; Funk & Brown, 2006). We obtained NDVI at
1° spatial resolution from the MODIS Aqua (MYDVI005: https://disc.gsfc.nasa.gov/datasets/MYDVI_005/
summary) and Terra (MODVI005: https://disc.gsfc.nasa.gov/datasets/MODVI_005/summary) sensors during 2003–2014 (Huete et al., 1994). We used satellite-based, global datasets of relative humidity (RH), terrestrial water storage (TWS), day-time and night-time land surface temperatures (LSTD & LSTN) to quantify
their role on the vegetation growth in agriculture and nonagricultural regions throughout the world. Since
satellite-based observations of NDVI and hydroclimatic variables are available for the 2003–2014 period,
we limit our analysis to this short span only. Monthly surface relative humidity over equilibrium phase (%)
retrieved from NASA Atmospheric Infrared Sounder (AIRS; Aumann et al., 2003; Goldberg et al., 2003)
and Advanced Microwave Sounding Unit (AMSU) onboard the NASA Aqua satellite was used. Specifically,
AIRS relative humidity data (level 3 version 6) for the descending track with an equatorial crossing time
of 1:30 a.m. (local time) was used (Farahmand et al., 2015; Tian et al., 2013). The relative humidity data is
globally available at 1° spatial and monthly temporal resolutions.
To examine the role of water availability on interannual variability of vegetation growth, satellite-based
Gravity Recovery and Climate Experiment (GRACE) monthly terrestrial water storage anomaly data at
1° spatial resolution (Landerer & Swenson, 2012) was used. Specifically, the ensemble mean of terrestrial
water storage anomaly product from NASA's Jet Propulsion Laboratory (JPL), Center for Space Research
(CSR) at the University of Texas, and Deutsches GeoForschungs Zentrum (GFZ) was used to minimize
uncertainty among different products. Day and night time monthly mean land surface temperature (LST)
from MODIS Aqua (Day: MYD11CM1D and Night: MYD11CM1N); and Terra (Day: MOD11CM1D and
Night: MOD11CM1N) at 1° spatial resolution (https://disc.gsfc.nasa.gov/datasets/) was used. The MODIS
day and night time LST (MOD11C3 and MYD11C3), available at 0.05° resolution, is averaged within 1° grid
to produce the monthly product at a global scale. We obtained precipitation, maximum, and minimum temperatures (Tmax and Tmin) from Princeton Global Meteorological Forcing Data set (Sheffield et al., 2006).
Gridded precipitation and temperature are available for the 1948–2016 period at 0.25° spatial and daily temporal resolutions. We obtained the monthly deseasonalized atmospheric CO2 concentration from Mauna
Loa observatory. Further details on the datasets used in our analysis are given in Table S1.
The MODIS global land cover climatology (Broxton et al., 2014; Friedl et al., 2010) at 500 m spatial resolution was used to identify agricultural and nonagricultural areas (Figure S1a). Since our analysis is based on
a relatively short time period (2003–2014), we assume that the land cover changes during 2003–2014 are not
considerable at the spatial resolution and scale of this analysis. Since vegetation growth can vary with the
climate regimes, thermal zone data from the Food and Agriculture Organization (FAO, Global Agro-ecological Zones, GAEZ v3.0; FAO/IIASA, 2012) was used to estimate the changes in vegetation growth and their
driving factors based on climate zones. The thermal zone data is available at five arc-minutes (∼8 km) based
on a 1961–1990 baseline period, which divides the globe into 12 major zones. We reclassified the 12 thermal
zones to seven major classes after merging similar zones (Figure S1b).
2.2. Analysis Approach
To examine the role of hydroclimatic variables in agricultural and nonagricultural regions, we selected 10
areas distributed across the world that included India, China, Russia, continental United States (CONUS),
Canada, Brazil, Argentina, Australia, Europe and Africa to understand spatial patterns in vegetation growth
ASOKA ET AL.
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Figure 1. MODIS land cover climatology reclassified into nonvegetated (water bodies, snow cover, urban, and barren land), agricultural (Croplands and
cropland/natural vegetation) and nonagricultural (woody savannas, savannas, open shrubs, mixed forests, grasslands, evergreen forests, deciduous forest and
closed shrublands) areas. The boundaries in red color show the selected 10 regions: 1 India, 2: China, 3: Russia, 4: USA, 5: Canada, 6: Brazil, 7: Argentina, 8:
Australia, 9: Europe, and 10: Africa.

and their driving factors (Figure 1). These 10 regions cover most of the vegetated areas across different
climatic settings. Regionally aggregated vegetation in the agricultural and nonagricultural areas was considered to identify the predictors of vegetation anomaly. We spatially aggregated the MODIS landcover
climatology data to 1 × 1° resolution based on majority class to identify the agricultural and nonagricultural
grids. As anthropogenic factors (irrigation and fertilizer applications) can influence trend and variability of
vegetation growth in the agricultural regions, croplands and cropland/natural vegetation classes from the
MODIS land cover climatology were merged to identify the agricultural-dominated areas. All other vegetated pixels (including the woody savannas, savannas, open shrubs, mixed forests, grasslands, evergreen forests, deciduous forest and closed shrublands thematic classes in the MODIS land cover data product) were
aggregated to form the nonagricultural class (Figure 1). All the nonvegetated (water bodies, snow cover,
urban, and barren land) pixels were excluded from the analysis (Figure S1a and Figure 1). Pixels with the
long-term (2003–2014) mean NDVI less than 0.1 were also excluded as they mostly represent nonvegetated
regions.
Changes in NDVI and the other hydroclimatic variables were estimated using a nonparametric Mann-Kendall trend test (Kendall, 1975; Mann, 1945) and Sens's slope (Sen, 1968) method for the 2003–2014 period.
The trend slope (per year) was estimated using the Mann-Kendall trend and Sen's slope method, which
was multiplied by the duration (in years) to calculate the change. Changes were estimated on the annual,
mean time-series of NDVI, relative humidity, terrestrial water storage, day-time land surface temperature
and night-time land surface temperature with statistical significance at 5% level. Standardized indices of
hydroclimatic variables and NDVI were derived at a 3-month time scale using the Standardized Drought
Analysis Toolbox (SDAT, Farahmand et al., 2015; Farahmand & AghaKouchak, 2015; Hao et al., 2014).
SDAT produced temporally consistent nonparametric standardized indices that can be directly compared
with each other (Farahmand & AghaKouchak, 2015). Standardized indices were estimated after subtracting
the long-term mean and divided by the standard deviation. This standardization removed the influence of
seasonality. A three-month time interval was used for the analysis as it represents a seasonal time scale for
vegetative growth and phenological cycle (Farahmand et al., 2015). After a careful quality check to avoid
inconsistencies, gridded data with a temporally consistent time series containing more than 90% observations (considering missing data) available for 2003–2014 period, was used for the analysis. We removed a
ASOKA ET AL.
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linear trend from the standardized indices of vegetation growth and hydroclimatic variables to estimate the
relative contribution from hydroclimatic variables. The presence of a trend in variables can influence relative contribution due to serial correlation. We used the first difference of deseasonalized CO2 concentration
(CO2 growth rate) to derive a 3-month standardized index. We removed the previous months' CO2 concentration from each month to estimate the first difference and to exclude the influence of long-term trend.
Further details on the CO2 concentration data can be obtained from the NOAA Earth System Research Lab
(NOAA-ESRL: ftp://aftp.cmdl.noaa.gov/products/trends/co2/co2_mm_mlo.txt).
The relative contribution of climate and CO2 concentration on vegetation growth was evaluated using LAI
simulations (as LAI and NDVI show a strong relationship) from the LS3MIP and LUMIP (van de Hurk
et al., 2016; Lawrence et al., 2016). The LS3MIP protocol is used to assess the land surface, snow and soil
moisture feedbacks on climate variability and climate change (van de Hurk et al., 2016). The LUMIP experiments aim to improve the understanding of land use/land cover change (LULCC) and land management (including CO2 fertilization) on climate, biogeochemical cycles and carbon, water and energy fluxes
(Lawrence et al., 2016) within the framework of coupled model intercomparison project 6 (CMIP6). We
used the LAI simulations from the Community Earth System Model (CESM) under the three experimental
conditions defined within the LS3MIP and LUMIP protocols: Land-hist (LS3MIP), which provides historical simulations, Land-CCO2 (LUMIP), which is same as the land-hist experiment but the atmospheric CO2
concentration kept constant, and Land-CCLIM (LUMIP), which is same as the Land-hist but the climate
kept constant. By comparing these cases, the relative influence of climate and CO2 can be estimated using
LAI from Land-hist (LAI-HIST), Land-CCLIM (LAI-CCLIM), and Land-CCO2 (LAI-CCO2). Here, we note
that LAI (Land-hist) has the combined influence of climate and CO2. We estimated short-term (2003–2014)
and long-term (1951–2015) changes in mean annual LAI for all the three scenarios (LAI-HIST, LAI-CCLIM,
and LAI-CCO2) to estimate the contribution of CO2 on the changes in LAI.
2.3. Relative Contribution
Relative contribution (Bi, 2012; Grömping, 2006; Lindeman et al., 1980; Silber et al., 1995) of the four hydroclimate variables on interannual variability of vegetation growth was estimated based on the fraction
of total variability (R2) in vegetation growth (NDVI) explained by each of the four hydroclimatic variables
(Grömping, 2006). The relative importance of RH, TWS, LSTD, and LSTN was estimated for each grid cell
at 95% confidence using 1000 bootstrap runs. The relative importance analysis was based on the method
reported in Lindeman et al. (1980), which provides relative contribution regressors considering multicollinearity (Bi, 2012; Grömping, 2006).

3. Results
3.1. Observed Changes in Vegetation and Hydroclimatic Variables
First, the climatological mean of NDVI and the four hydroclimatic variables were used to evaluate their
spatial variability across the globe (Figure 2). For example, the MODIS-based land cover climatology clearly
shows the areas with high and low NDVI for the 2003–2014 period (Figures 2a and Table S2). Similarly, we
find that mean relative humidity is lower in the Middle East and SubSaharian Africa regions with higher
relative humidity found at the northern latitudes and in the tropics (Figure 2b). The terrestrial water storage climatology shows the low water availability in many regions of the northern hemisphere (Figure 2c).
Day and night-time land surface temperatures are higher in tropics and lower in the northern latitudes
(Figures 2d and 2e).
Changes in NDVI in agriculture and nonagricultural regions and the four (relative humidity, terrestrial
water storage, day-time land surface temperature, and night-time land surface temperature) hydroclimatic
variables were calculated for the 2003–2014 study period as presented in Figure 3. A strong increase in
NDVI was found in India, eastern China, Europe and the western part of Australia (Figure 3a and Figure S2). However, a statistically significant (p-value < 0.05) increase in NDVI only occurred over the agricultural areas in India and Brazil (Figure 3f and Figure S2). In contrast, a considerable decline in NDVI was
found over agricultural areas over the CONUS (Figure 3 and Figure S2). NDVI of agricultural regions also
declined in Canada and Argentina; however, the changes were not statistically significant at 5% level. We
ASOKA ET AL.
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Figure 2. Annual mean climatology of NDVI, relative humidity (%), terrestrial water storage (cm), day and night-time LST (⁰C) from 2003–2014. LST, Land
surface temperature; NDVI, Normalized Difference Vegetation Index.

find disparities in the change of NDVI in agricultural and nonagricultural areas for the selected regions. For
instance, India and China were the only two regions that experienced a significant (p-value < 0.05) increase
in NDVI in nonagricultural areas (Figures 3f and Figure S2). Agricultural areas in the USA had a statistically significant decline in NDVI, while the decrease in NDVI in nonagricultural regions was not significant
(Figure 3, Figure S2). Overall, we found a significant increase and decline in NDVI of global agricultural
and nonagricultural areas that might be contributed by the changes in the hydroclimatic variables during 2003–2014. Moreover, the changes in NDVI in agricultural and nonagricultural regions were different,
which highlights the need for understanding the role of hydroclimatic drivers on interannual variability of
vegetation growth.
Changes in the four hydroclimatic variables (relative humidity, terrestrial water storage, day-time land
surface temperature, and night-time land surface temperature) were analyzed for the 2003–2014 period
(Figure 3). Relative humidity increased over the majority of the global landmass (Figure 3b). A significant
(P-value < 0.05) rise in relative humidity occurred in the agricultural regions of India, China, Europe, and
Africa (Figure 3g). The same areas, along with Australia, also had a significant rise in relative humidity over
nonagricultural regions (Figure 3l). TWS, which is an indicator of water availability, had a significant (P-value < 0.05) increase only in Africa. All the other regions experienced either a decline or a nonsignificant
increase in TWS (Figure 3c). For example, agricultural areas in Russia, Argentina and Europe experienced
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Figure 3. The change in (a) Normalized Difference Vegetation Index (NDVI), (b) relative humidity (%), (c) terrestrial water storage (cm), (d) day-time LST
(°C), and (e) night-time LST from 2003 to 2014 (f)–(j) The changes in NDVI, relative humidity, terrestrial water storage, day-time land surface temperature,
and night-time land surface temperature in the selected regions (1:India, 2:China, 3:Russia, 4:USA, 5:Canada, 6:Brazil, 7:Argentina, 8:Australia, 9:Europe, and
10:Africa) for agriculture (k–o) Same as (f)–(j) but for Nonagricultural area. The filled bars show statistically significant changes at a 5% significance level.
Changes were estimated using nonparametric Mann-Kendall trend test and Sen's slope method. LST, Land surface temperature.
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a significant decrease in terrestrial water storage (Figures 3c and 3h). Moreover, a substantial decline in
TWS occurred over the nonagricultural areas of India, CONUS, Canada and Argentina (Figures 3c and 3m).
Similar to relative humidity and TWS, considerable changes were found in land surface temperatures during the 2003–2014 period. A decline in day-time LST was found in the agricultural areas of India, China,
CONUS, and Canada. At the same time, the other regions showed a rise in day-time LST (Figures 3d and
3i). Only Canada experienced a significant (p-value < 0.05) decline of about 1°C in day-time land surface
temperature during the 2003–2014 period (Figure 3d). A majority of the nonagricultural areas experienced
an increase in day-time land surface temperature during 2003–2014 (Figure 3n). Similarly, night-time LST
(night-time land surface temperature) increased in the agricultural areas of India, Brazil, Argentina, Australia, Europe and Africa. In contrast, a decline in night-time land surface temperature was found in China,
Russia, CONUS and Canada (Figures 3e and 3j). Our results show that night-time land surface temperature
has increased (p-value > 0.05) in the majority of the nonagricultural areas (Figure 3o). Overall, we find that
changes in both NDVI and hydroclimatic variables were different in agricultural and nonagricultural areas.
We find that NDVI significantly increased in India and Brazil for agricultural areas. India and China were
the only two countries that experienced a significant increase in NDVI in the nonagricultural ecosystems.
Increase in NDVI in China is notably occurred in primarily forested areas, while in India, agricultural
areas were the primary locations of increased NDVI. In both the countries, human land use management
dominated by the use of fertilizers and irrigation played an essential role in the greening of vegetation in
agricultural areas (Chen et al., 2019; Piao et al., 2020). In contrast, NDVI significantly declined in agricultural regions of the CONUS with the most notable reductions in the south-central part of the country (e.g.,
Texas). This decline in NDVI can be partly attributed to recurrent droughts that occurred in this part of the
CONUS during the study period (Kogan et al., 2013; Long et al., 2013; Vicente-Serrano et al., 2013)
Our results show an increase in global-scale relative humidity during the 2003–2014 period, which is associated with the rise in atmospheric water vapor in response to anthropogenic greenhouse gases emissions
(Schneider et al., 2010; Willett et al., 2007). The decline in TWS in India, CONUS, and South America is
consistent with human activities (groundwater abstraction) and natural causes (e.g., persistent droughts,
Asoka et al., 2017; Rodell et al., 2009, 2018). Cooling in day-time land surface temperature in India, China,
and the northern part of CONUS can be attributed to irrigation and agricultural intensification (Bonfils &
Lobell, 2007; Han & Yang, 2013; Mueller et al., 2015). Moreover, afforestation in China has also contributed
to a reduction in temperature (Mildrexler et al., 2011; Peng et al., 2014). On the other hand, climate warming has caused warming in day-time and night-time land surface temperatures over Europe (Seneviratne
et al., 2006).
3.2. The Linkage Between Vegetation Growth and Hydroclimatic Variables
Standardized anomalies of NDVI and the hydroclimatic variables were used to examine the role of hydroclimatic variables on vegetation growth. First, we estimated Pearson's correlation between detrended
standardized anomalies of NDVI and hydroclimatic variables. We estimated correlations for selected 10 regions to examine the variation in the relationship between NDVI and the hydroclimatic variables (Figure 4,
Tables S3 & S4). We also estimated the median correlation between standardized (and detrended) NDVI
(agricultural and nonagricultural) and the four hydroclimatic variables for each thermal zone (Table S5,
Figure S1). A positive relationship (correlation ≥ 0.4) between NDVI and relative humidity was found for
most regions except China and Canada (Figures 4a, 4e, and 4f, Tables S3 & S4). The median correlation for
the thermal zones showed a positive correlation (r ∼ 0.4) between NDVI and relative humidity in the tropics and subtropics regions (Table S5). Temperate, boreal and arctic regions exhibited a negative correlation
between vegetation growth and relative humidity (Table S5).
Terrestrial water storage (TWS) is positively associated with NDVI in most of the vegetated areas (Velicogna
et al., 2015; Yang et al., 2014) except in the northern latitudes, which is an energy-limited environment
(Figures 3a and 3b). A significant (P-value < 0.05) positive relationship between NDVI and terrestrial water
storage in agricultural areas was found for all the regions except China (Figure 4e). The weaker relationship between NDVI and terrestrial water storage shows that the greening in China's agricultural areas is
not strongly associated with water availability but somewhat controlled by the human land management
ASOKA ET AL.
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Figure 4. Correlation between three months mean standardized NDVI and (a) relative humidity (RH), (b) terrestrial water storage (TWS), (c) day time land
surface temperature (LSTD), and (d) night-time land surface temperature (LSTN) for the 2003–2014 period. 3-Month standardized detrended anomalies of
NDVI, relative humidity, terrestrial water storage, day-time land surface temperature, and night-time land surface temperature from 2003 to 2014 period
for correlation analysis. The correlation (r) of NDVI with relative humidity, terrestrial water storage, day-time land surface temperature, and night-time
land surface temperature for (e) agriculture and (f) nonagricultural area for the selected region. Filled bars show a statistically significant correlation at 5%
confidence level. NDVI, Normalized Difference Vegetation Index.

practices (Chen et al., 2019; Piao et al., 2020). NDVI in India, Brazil, Argentina, Australia, and Africa is
positively correlated with TWS in nonagricultural regions, which indicates the role of water availability
on vegetation growth. In contrast, the TWS is negatively correlated with vegetation growth in energy-limited, higher latitude areas of Canada (Geruo et al., 2015, Figure 4). Moreover, vegetation growth in the
majority of tropics, subtropics, and temperate regions is positively associated with TWS. In comparison,
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energy-limited regions (boreal and Arctic) show a negative relationship between vegetation growth and
terrestrial water storage (Table S5).
NDVI in the agricultural ecosystems of India, Brazil, Argentina, and Africa show a significant (p-value < 0.05) negative relationship (r < −0.5) with day-time land surface temperature. On the other hand,
a significant positive relationship (r ∼ 0.3) between NDVI and day-time land surface temperature was observed in western China and Canada (Figure 4e). Vegetation in nonagricultural areas also follows a similar
relationship between NDVI and day-time land surface temperature across the 10 regions (Figure 4f). Moreover, a strong negative relationship between detrended and standardized day-time land surface temperature
and NDVI was found over most of the tropics and subtropics warm/moderately cold regions. In contrast,
vegetation in northern latitudes (>40⁰ N) and cold mountainous regions had a positive relationship between NDVI and day-time land surface temperature (Figure 4c). These results further confirm that vegetation in the energy-limited regions is positively correlated with day-time LST (Figure 4c) while negatively
associated with terrestrial water storage (Figure 4b).
A positive relationship between standardized NDVI and night-time land surface temperature was found in
the majority of the cold and higher-latitude regions (Figure 4d). However, in the lower-latitude tropical regions, both negative and positive relationships can be observed between NDVI and night-time land surface
temperature (Sun et al., 2013, Figure 4d). For instance, the tropical areas of South America and Africa experience both negative and positive relationships between NDVI and night-time land surface temperature.
Vegetation in the agricultural areas shows a positive correlation between NDVI and night-time land surface
temperature except in India (Figure 4e). Vegetation in nonagricultural areas is positively correlated with
night-time land surface temperature except for India, Australia, and Africa (Figure 4f). In all the thermal
zones, vegetation growth is positively correlated with night-time land surface temperature (Table S5). We
also evaluated the relationship between NDVI and day-time land surface temperature and night-time land
surface temperature from MODIS Terra (overpass time 10.30 a.m. and 10.30 p.m., Figure S3a–S3d), which
shows a similar relationship that was obtained using the data from MODIS Aqua (1.30 p.m. and 1.30 a.m.)
(Figures 4a–4d).
3.3. Relative Contribution of Hydroclimatic Variables in Vegetation Growth
After evaluating the relationship between vegetation growth and the hydroclimatic variables, the relative
contribution of relative humidity, terrestrial water storage, day-time land surface temperature, and nighttime land surface temperature on vegetation (NDVI) growth was quantified using detrended and standardized time series of variables for the 2003–2014 period (Figure 5). A lower contribution from relative humidity on vegetation growth was found in comparison to the other three hydroclimatic variables (Table S7,
Figure 5a). The relative contribution of relative humidity was the highest (among four hydroclimatic variables) in only 9% of the total global agricultural and nonagricultural areas (Figures 5a and 5g). The relative
contribution of TWS on vegetation growth was the highest in 23% of the total vegetated area (Figures 5b and
5g). The relative contribution of day-time and night-time land surface temperatures occurred over a much
larger area than both relative humidity and TWS. The day-time land surface temperature was a significant
contributor to interannual variability in vegetation growth in 37% of the total vegetated areas, followed by
night-time land surface temperature that is a dominant contributor in 29% of the entire vegetated areas.
Therefore, both day-time and night-time land surface temperatures are the major contributors to vegetation
growth in the two-third (66%) of vegetated areas globally (Figures 5c, 5d, and 5g). The day-time land surface
temperature is the primary contributor in the tropical and subtropical regions. In contrast, night-time land
surface temperature controlled the vegetation growth in the higher latitudes (Figure 5).
The contribution of relative humidity (15%) and day-time land surface temperature (14%) in vegetation
growth for agricultural areas in India was found to be comparable with a total explained variance of 35%
(Figure 5e, Table S7). In China, the four hydroclimatic variables explained the least variance of vegetation
growth for both agricultural (13%) and nonagricultural areas (17%, Figures 5e and 5f). The lower contribution from the hydroclimatic variables on interannual variability of the vegetation growth in China can
be attributed to human influence and land management (Chen et al., 2019; Piao et al., 2020). TWS was
the major contributor (15%) followed by night-time land surface temperature (14%) in vegetation growth
in the agricultural regions in Russia with a total explained variance of 35% (Table S7, Figures 5e and 5f).
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Figure 5. (a–d) Relative importance of (% of R2) of relative humidity (RH), terrestrial water storage (TWS), day-time land surface temperature (LSTD),
and night-time land surface temperature (LSTN) to detect the changes in NDVI anomaly. (e) The relative contribution of relative humidity, terrestrial water
storage, day-time land surface temperature, and night-time land surface temperature to NDVI in the selected region for agriculture. (f) same as E but for the
nonagricultural area. (g) The percentage of the global vegetated area where the major contributor to NDVI anomaly is relative humidity, terrestrial water
storage, day-time land surface temperature or night-time land surface temperature. The NAN represents the percentage of vegetated area with no sufficient
number of data points. NDVI, Normalized Difference Vegetation Index.

Night-time land surface temperature contributes the maximum in the agricultural areas of the USA (22%),
Canada (15%) and Europe (15%) with a total explained variance of 35%, 30%, and 31%, respectively. On the
other hand, the day-time land surface temperature is a significant contributor to vegetation growth in Brazil
(22%), Argentina (22%), and Australia (30%). Our results show that among the hydroclimatic variables, day
and night-time land surface temperatures explain the highest amount of variance. However, this highest
variance is still less than 60%, which means that about 40% of the total variance is explained by other factors
(e.g., CO2 fertilization and human land management) that are not considered in our analysis.
All four hydroclimatic variables affect vegetation growth in the agricultural and nonagricultural regions.
For instance, relative humidity is an important factor that governs the plant growth rate and controls evaporation (AghaKouchak et al., 2015; Tibbitts, 1979). The relative humidity is linked to precipitation and can
be used as an indicator for early detection of drought (Farahmand et al., 2015). Day and night-time temperatures play a vital role in vegetation growth, and the influence of temperature can vary with plant species
and the agro-climatic settings. Day time land surface temperature directly influences the plant photosynthetic activity, whereas both day and night time temperatures affect plant respiration (Peng et al., 2013).
The increase in day time temperature in the cold regions (or energy-limited regions) can improve the
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photosynthetic activity and extend the growing season (Menzel et al., 2006; Peng et al., 2013). However, in the water-limited regions, rise in day time temperature can reduce the vegetation growth (Alfaro
et al., 2006). On the other hand, a rise in night-time temperature can result in higher vegetation respiration and reduced biomass accumulation rate (Hatfield & Prueger, 2015). Overall, we find that the relative
contribution of the hydroclimatic variables on the interannual variability of vegetation growth can vary in
the agricultural and nonagricultural regions. Our results show that the total explained variance by the four
hydroclimatic variables is higher for the nonagricultural regions in comparison to agricultural regions for
the majority of the 10 selected countries. Day and night-time LST was the dominant contributor among
the four hydroclimatic variables of vegetation growth in about two-thirds of the global vegetated landmass.
We did not consider the role of agricultural management and policies in different countries that may affect
vegetation growth, which is a limitation of our analysis as our main objective was to estimate the relative
contribution of hydroclimatic variables on vegetation growth. Data availability related to agricultural policies and land use management can help in identifying the role of human land management on vegetation
growth in the agricultural areas of different countries in future.
3.4. Lagged Response of Vegetation to Hydroclimatic Factors
Vegetation response and growth can have a time-lag effect with the hydroclimatic variables (Asoka &
Mishra, 2015; Farahmand & AghaKouchak, 2015; Funk & Brown, 2006; Wu et al., 2015). Time lag correlation (ranging from 0 to 3 months) between NDVI and the four hydroclimatic variables for the 2003–2014
period (Figure 6). A 3-month detrended, standardized NDVI and hydroclimatic variables to estimate the lag
correlation. For the majority of the regions, the correlation between NDVI and hydroclimatic variables is
the highest at zero lag for both agricultural and nonagricultural ecosystems (Figure 6). Relative humidity,
TWS, day-time land surface temperature and night-time land surface temperature showed the highest correlation at a 1-month lag in 26%, 10%, 22% and 24% of the global agricultural areas, respectively (Figure 6e).
Both relative humidity and the day-time land surface temperature had a higher correlation with NDVI at
a 1-month lag in Australia and parts of western and southern USA (Figures 6a and 6c). Similarly, relative
humidity, terrestrial water storage, day-time land surface temperature, and night-time land surface temperature showed the highest correlation at a 1-month lag in 23%, 7%, 22%, and 19% of global nonagricultural
ecosystems (Figure 6f). The relationship between NDVI and hydroclimatic variables is weaker for the majority of the vegetated regions at the two- and 3-months lag intervals (Figure 6). The lagged relationship
between NDVI and day-time land surface temperature and night-time land surface temperature can be used
to predict the vegetation anomalies in agricultural and nonagricultural ecosystems (Asoka & Mishra, 2015;
Funk & Brown, 2006).
3.5. Role of CO2 on Vegetation Growth
We estimated correlation between three months standardized NDVI against the standardized precipitation
(SPI), maximum and minimum temperature indices during 2003–2014 period (Figure 7). Besides, we estimated the relationship between NDVI and CO2 on vegetation growth during the same (2003–2014) period.
Our results show that the relationship between SPI and terrestrial water storage is consistent (Figures 4
and 7); however, terrestrial water storage has a stronger relationship with vegetation growth in both agricultural and nonagricultural regions. This more robust relationship between terrestrial water storage with
vegetation can be attributed to high persistence (Asoka & Mishra, 2020; Xie et al., 2019). Moreover, the
relationship between maximum and minimum air temperatures with vegetation is also consistent with our
results based on the day and night-time land surface temperature (Figures 4 and 7). However, day-time land
surface temperature shows a stronger relationship with vegetation growth in comparison to maximum air
temperature. Overall, we find that terrestrial water storage and day-time land surface temperature can be
better predictors than precipitation and maximum air temperature of vegetation growth (Figures 4 and 7).
To further confirm the role of CO2 on vegetation growth, we used simulations from the Land Use Model
Intercomparison Project (LUMIP). We compared the mean annual leaf area index (LAI, without removing
trends) from the three scenarios: LAI-HIST, LAI-CCLIM, and LAI-CCO2 to examine the climate and CO2
contributions on vegetation growth during 2003–2013. The LAI-HIST scenario includes the effect of all forcing (natural + anthropogenic). The LAI-CCLIM scenario shows the effect of constant climate but varying
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Figure 6. The lagged (0–3 months) correlation analysis of NDVI with relative humidity (RH), terrestrial water storage (TWS), day-time land surface
temperature (LSTD), and night-time land surface temperature (LSTN) (a–d) The best lag for each grid to detect NDVI anomaly (at 90% confidence level) using
relative humidity, terrestrial water storage, day-time land surface temperature, and night-time land surface temperature, respectively. Area (%) under maximum
lagged correlation of NDVI with the other hydroclimatic factors. NDVI, Normalized Difference Vegetation Index.

CO2 concentration. On the other hand, the LAI-CCO2 shows the constant CO2 concentration and varying
climate condition. The climatology of LAI from the three LUMIP experiments during the 2003–2013 period
shows a similar pattern in the majority of global vegetated areas (Figures 8a–8c). However, a relatively high
LAI was observed in the Amazon region and part of Africa under LAI-HIST and LAI-CCLIM simulations
compared to the LAI-CCO2 simulations. Also, changes in mean annual LAI over Amazon and northern
latitudes are more remarkable in LAI-HIST and LAI-CCLIM in comparison to LAI-CCO2 during 2003–2014
(Figures 8d–8f). We find that changes in mean annual LAI in LAI-HIST and LAI-CCLIM are similar (Figures 8d and 8e), which indicates that the varying CO2 concentration has a larger control on the changes in
LAI-HIST. On the other hand, the contribution of climate on the change in LAI in the LAI-HIST scenario is
relatively lesser (Figure 8f). Since we did not remove the trends from mean annual LAI, a higher contribution of CO2 on the changes in LAI is visible. To further examine the influence of the length of record on the
contribution of climate and CO2 concentration on the changes in LAI, we used the simulations for the three
scenarios (LAI-HIST, LAI-CCLIM, and LAI-CCO2) for 1950–2015 period from the LUMIP. We find that CO2
concentration contributes more than climate to the changes in LAI in the LAI-HIST scenario. For instance,
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Figure 7. Correlation between three months mean standardized NDVI and (a) standardized precipitation index (SPI), (b) CO2 growth rate from Mauna Loa, (c)
maximum temperature and minimum temperature for the period 2003–2014. 3-Month standardized detrended anomalies of precipitation, CO2, maximum and
minimum temperature were used for the correlation analysis. NDVI, Normalized Difference Vegetation Index.

changes in LAI in the LAI-HIST and LAI-CCLIM are similar, which indicates the vital role of CO2 concentration on the vegetation growth (Figure 9). Since we removed the trend from NDVI and CO2 concentration
in our analysis, a weaker relationship between NDVI and CO2 concentration was observed in comparison to
the other hydroclimatic variables (Figures 4 and 7).

4. Discussion and Conclusions
Changes in NDVI and the four hydroclimatic variables in the global agricultural and nonagricultural areas
were evaluated during the 2003–2014 period in this study. Our analysis showed that the day and night time
land surface temperatures have major control on the vegetation growth in the agricultural and nonagricultural areas. Previous studies also reported the dominant role of air temperature on vegetation growth
(Seddon et al., 2016; Wu et al., 2015; Zhao et al., 2018; Zhu et al., 2016). In addition, CO2 fertilization due to
anthropogenic greenhouse gas emissions contributed significantly to the vegetation growth during the last
few decades. For instance, Nemani et al. (2003) reported a rise of 6% in the net primary productivity during
1982–1999, primarily due to climate change. Similarly, Zhao et al. (2018) found a large contribution from
greenhouse gas emissions on vegetation growth during 1982–2013. CO2 fertilization has been a major driver
of the observed greening trends during 1982–2013 (Zhu et al., 2016). Apart from the role of CO2, most of
the previous studies considered precipitation and maximum and minimum temperatures to examine the
relationship with vegetation growth (Zhao et al., 2018; Zhu et al., 2016).
We observed a relatively weaker relationship (in comparison to the other hydroclimatic variables) between
3-month standardized NDVI and CO2 during the 2003–2014 period (Figure 7b). This weaker relationship
can be due to a relatively shorter period used in our analysis (Los, 2013; Thompson et al., 1996). Previous
studies (Zhao et al., 2018; Zhu et al., 2016) that showed the higher contribution of CO2 on observed vegetation growth trends based on the long-term analysis (1982–2013). The other reason behind the weaker
relationship between CO2 concentration and vegetation growth can be associated with the detrending of
NDVI and hydroclimatic variables used in our analysis. For instance, we used 3-month standardized and
detrended NDVI and hydroclimatic variables. The removal of trends can result in the weaker relationship
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Figure 8. The climatology and change of Leaf Area Index (LAI) from LS3MIP and LUMIP experiments during 2003–2014. (a)-(c) The climatology of (a)
historic LAI (LAI-HIST), LAI simulated under (b) varying CO2 (LAI-CCLIM), and (c) under constant CO2 (LAI-CCO2) during 2003–2014. The box plot in the
inset of (c) shows the global summary of climatology for LAI-HIST (1), LAI-CCLIM(2), and LAI-CCO2 (3). (d)-(f) The change (significant at 95%) of (a) LAIHIST, (b) LAI-CCLIM and (c) LAI-CCO2 during 2003–2014. The box plot in the inset of (f) shows the global summary of the change (significant at 95%) for
LAI-HIST (1), LAI-CCLIM(2), and LAI-CCO2 (3) during 2003–2014.

between NDVI and CO2 concentration. We find that CO2 fertilization has a major influence on the increase
in LAI during the short-term as well as long-term as shown by the LUMIP simulations.
In this study, satellite-based observations of the four hydroclimatic variables (relative humidity, TWS, daytime land surface temperature, and nigh-time land surface temperature) were used to quantify their relative
contribution on the vegetation growth in the agricultural and nonagricultural regions during the 2003–2014
period. The role of CO2 on the vegetation growth was evaluated using the station-based observations and
simulations from the LS3MIP and LUMIP experiment, which is part of the CMIP6. Based on our finding,
we conclude the following:
• N
 DVI has significantly increased in agricultural dominated regions of India and Brazil during the 2003–
2014 period. A considerable decline in NDVI over agricultural areas was observed in the USA. In contrast, India and China experienced a significant increase in NDVI in the nonagricultural areas during
the same period
• A significant rise in relative humidity occurred in the agricultural regions of India, China, Europe, and
Africa. Agricultural areas in Russia, Argentina, and Europe experienced a significant decrease in terrestrial water storage. Moreover, a substantial decline in terrestrial water storage occurred over the nonagricultural areas of India, USA, Canada, and Argentina. A decline in day-time LST was found in the
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Figure 9. Same as Figure 8, but for the period 1950–2015. The climatology and change of Leaf Area Index (LAI) from LUMIP experiments during1950–2015.
(a)-(c) The climatology of (a) historic LAI (LAI-HIST), LAI simulated under (b) varying CO2 (LAI-CCLIM), and (c) under constant CO2 (LAI-CCO2) during
1950–2015. The box plot in the inset of (c) shows the global summary of climatology for LAI-HIST (1), LAI-CCLIM(2), and LAI-CCO2 (3). (d)-(f) The change
(significant at 95%) of (a) LAI-HIST, (b) LAI-CCLIM and (c) LAI-CCO2 during 1950–2015. The box plot in the inset of (f) shows the global summary of the
change (significant at 95%) for LAI-HIST (1), LAI-CCLIM(2), and LAI-CCO2 (3) during 1950–2015.

agricultural regions of India, China, USA, and Canada while a majority of the nonagricultural regions
experienced an increase in day-time land surface temperature during 2003–2014.
• Among the four hydroclimatic variables, day and night-time land surface temperature are the two major contributors in the vegetation growth in about two-thirds of the global landmass. The assessment
of the relative contribution of the four major hydroclimatic variables showed the importance of water
availability on the vegetation growth in the agricultural areas of India, Russia, Argentina, Australia, and
Africa. On the other hand, water availability does not considerably influence the vegetation growth in
agricultural and nonagricultural regions of China
• The four hydroclimatic variables showed a higher relative contribution to NDVI in comparison to CO2
concentration due to detrending. The simulations obtained from the LUMIP for the three scenarios
showed that CO2 concentration has a higher contribution on change in LAI than climate during the
2003–2014 and 1951–2015 period
• The lagged relationship of the hydroclimatic variables with the vegetation growth shows the potential
of predictability in the agricultural and nonagricultural regions. However, the agricultural regions that
experience significant human land management do not show a strong relationship between vegetation
growth and hydroclimatic variables

ASOKA ET AL.

16 of 19

Journal of Geophysical Research: Atmospheres

10.1029/2020JD033228

Our results showed the changes in the key hydroclimatic variables and vegetation growth during 2003–2014
in the global agricultural and nonagricultural areas. We find that the changes in agricultural and nonagricultural areas can differ considerably in the few regions primarily due to the strong influence of land
management. While the increase in CO2 has been the major driver of vegetation growth in the past few
decades as shown by the previous studies and LUMIP simulations, our results showed a weaker relationship
between CO2 concentration and vegetation growth. The weak relationship between CO2 concentration and
vegetation growth can be attributed to the removal of trends. Our findings have implications for developing
vegetation growth monitoring systems using satellite-based observations.
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